A major outstanding question in human prehistory is the fate of hunting and gathering populations 20 following the rise of agriculture and pastoralism. Genomic analysis of ancient and contemporary 21
response. In Europe, the current consensus is that early Near Eastern farmers facilitated the spread of 48 agriculture, completely replacing groups in some areas, and in others -particularly in southern Europe -49 admixing with hunter-gatherers (5-8). However, the extent to which the Neolithization processes of 50
Europe occurred on other continents remains unclear. In Africa, the genetic and cultural landscape has 51 been significantly shaped by recent expansions of agriculture and pastoralism, such as the Bantu 52 migration (9, 10), but a lack of data precludes detailed characterization of these expansion events. 53 We sought to understand the demographic impact of the expanding Neolithic in Southwest 54
Ethiopia, a region of high ethnic and linguistic diversity that is home to several of the world's remaining 55 hunter-gatherer groups, but has a relatively sparse archaeological record (11). We present new genomic 56 data from the Chabu hunter-gatherers and their immediate neighbors, the Majangir and Shekkacho, 57 which we analyze together with other East African populations. The Chabu people are poorly known 58 even among anthropologists. They inhabit the highland forests that straddle the border between the 59 Oromia Regional State, Gambella Regional State, and Southern Nations, Nationalities, and Peoples' 60 Region (SNNPR) (12). Recent estimates of their census size range between 1,700 and 2,500 individuals 61 (12). The Chabu claim to be the original inhabitants of these forests, an assertion that their Majangir and 62
Shekkacho neighbors generally support. The Chabu are thought to be a linguistic isolate, while the 63
Majangir are Nilo-Saharan Surmic-speakers who practice small-scale cultivation and limited hunting andgathering and the Shekkacho are Afro-Asiatic Omotic-speakers who practice intensive agriculture (13
15). 66
We investigate two alternative hypotheses regarding the origins of the Chabu. The first is that 67 the Chabu are the descendants of an earlier population that occupied Southwest Ethiopia prior to 68 encroachment by agriculturalists. Archaeological research from Ajilak, roughly 100 km west of the Chabu 69 forest and 500 m lower in elevation, strongly suggests that hunter-gatherers were present in the area as 70 late as 800-1,000 years ago (16). The presence of iron tools from Ajilak indicates that foraging groups 71 interacted with lowland Sudanese pastoralist populations in the past. Based on archaeological and 72 ethnographic evidence, it has previously been suggested that the Chabu, the Majangir, and Koman-73 speakers could be the living descendants of the Ajilak hunter-gatherers (16). A competing hypothesis is 74 that the Chabu were previously an agricultural or agropastoral group that transitioned to foraging in 75 order to exploit an unused ecological niche in the forest highlands. This hypothesis implies close 76 relatedness between the Chabu and another Ethiopian or Sudanese population, from which they would 77 have diverged relatively recently. Although a transition to hunting and gathering from other subsistence 78 modes is presumed to be uncommon historically, it has occurred more than once (17, 18). In Eastern 79
Africa specifically, some primarily pastoralist groups are known to fluctuate between subsistence 80 strategies (19, 20) . 81
In order to test whether the Chabu are descendants of earlier hunter-gatherer inhabitants, we 82 performed unsupervised clustering of autosomal single nucleotide polymorphism (SNP) data from 83 populations of Ethiopia, Sudan, South Sudan, and Kenya (Methods). Importantly, we also included 84 genomic data from Mota, a 4,500 year old individual found in the nearby Gamo highlands who lived 85 prior to any evidence of agriculture or pastoralism in the region (21). In the clustering algorithm, we 86 varied 'K', the hypothesized number of ancestral source populations for the dataset, from 2 to 12. We 87 focus on the pattern that emerges at K=5, and refer to these five genetic components as 'Nilo-Saharan', 88 'Afro-Asiatic', 'Southwestern Ethiopian', 'Niger-Congo', and 'Near Eastern' ancestries based on their 89 frequencies across geographic space and language families (Fig. 1) . The Chabu and their neighbors are 90 primarily characterized by differences in frequency of the first three components. Nilo-Saharan ancestry 91 is most concentrated in southern Sudan and South Sudan, overlapping slightly with western Ethiopia 92 (i.e. at high frequency in the Nilo-Saharan-speaking populations of the region) (Fig. 1B) . Afro-Asiatic 93 ancestry is highest in northeast Ethiopia, Eritrea, and northeast Sudan, declining steadily towards the 94 south and west (Fig. 1C) . Southwestern Ethiopian ancestry is found in all language groups but is 95 concentrated in the Southwestern Ethiopian highlands (Fig. 1D) . Importantly, the ancient Mota genomecarries a high proportion of this ancestry, suggesting that it has characterized this region for at least 97 4,500 years. Among the contemporary groups we studied, the Chabu carry the highest levels of 98 Southwestern Ethiopian ancestry, as well as moderate levels of Nilo-Saharan ancestry (Fig. 1A) . The 99
Majangir and the Gumuz are characterized by the same components, each present at ~50%. The Chabu 100 are distinct from Afro-Asiatic Ethiopian and Sudanese agropastoral populations, as well as from 101 traditionally pastoral Nilotic speakers, who include the Anuak, Dinka, and Shilluk (Fig. 1A) . Similarly, in 102 principal component (PC) space, the Chabu anchor the second PC and are closest to Mota, the Majangir, 103
and Gumuz (Fig. S1) . Notably, the Majang and Gumuz are not readily distinguishable from each other in 104 either K=5 ADMIXTURE plots or a biplot of the first two PCs. We conclude that the Chabu carry the major 105
Southwestern Ethiopian genetic component also identified in Mota, and are distinct from agricultural 106 and/or pastoralist groups. Therefore, they are likely to be direct descendants of ancient Southwest 107
Ethiopian hunter-gatherer groups; secondary adoption of hunting-and-gathering is not supported. 108
Despite carrying moderate to high levels of Southwestern Ethiopian ancestry, there are clear 109 differences between the Chabu-Majangir-Gumuz and the Aari-Mota genetic profiles. At K=5, Mota and 110 the Aari carry Afro-Asiatic ancestry but no Nilo-Saharan ancestry. In a biplot of the first two PCs, the Aari 111 populations pull away from the Chabu-Majangir-Gumuz towards the Wolayta, the Afro-Asiatic group 112 who are their nearest neighbors today (Fig S1) . These ancestry differences may relate to differential 113 gene flow with neighbors or may reflect ancient patterns of divergence. 114
Next, we modelled spatial population structure by using genetic data to estimate the effective 115 migration surface (EEMS) (22). This analysis reveals corridors of and barriers to migration that closely 116 correspond to the spatial distribution of ancestral components (Fig. 1G) . Some migration barriers also 117 correspond closely with major geographic features such as deserts, certain high elevation areas, and 118 bodies of water. However, other major features, such as the Nubian Desert and Northeastern Ethiopian 119
Highlands, do not appear be have been historical barriers to migration (Fig. S2) . Furthermore, areas with 120 low rates of migration tend to lie along the boundaries between the Nilo-Saharan, Afro-Asiatic, and 121
Niger-Congo language families, while corridors of high gene flow lie within them (Fig. S2C) . Together, 122 these results emphasize the close association between geography and language in determining gene 123 flow between groups (23). Furthermore, the Chabu lie directly in the center of a language contact area 124 with negative effective migration rates, perhaps indicating relative isolation from neighboring groups. Blacksmiths and the Hadza (Fig. 2, S4) . 147
Given this signature of recent demographic pressure on the Chabu, Aari Blacksmiths, and Hadza, 148 we sought to estimate precisely when these population declines occurred. We used a non-parametric 149 method of estimating the effective size (Ne) of a population through time using the distribution of 150 segments that are shared identical by descent (IBD) across pairs of individuals (28). In each population, 151
we optimized the parameters used to infer IBD by comparing RoH, and total the total amount of IBD 152 shared between kin, with 'truth sets' generated under independent inference methods (Methods, Figure  153 this decline varying in severity between all four groups. Furthermore, the Ne of the Hadza and Mbuti 160 both appear to increase initially (Fig. 3) . 161
Previous research has shown that European hunter-gatherers that adopted agriculture or were 162 absorbed into agricultural groups experienced population growth (8, 29). Within Africa, the expansion of 163
Bantu-speaking agriculturalists resulted in both the assimilation and extinction of local hunter-gatherers 164 (9). By examining a large number of Eastern African groups, our results demonstrate a diversity of 165 hunter-gatherer responses to the intensification and spread of agropastoralism, of which we discuss the 166 five outlined at the beginning of this paper. The Ethiopian Majangir and Gumuz are primarily farmers 167 today, but regularly hunted and gathered in the recent past; both also exhibit many characteristic 168 features of hunter-gatherer societies such as high degrees of egalitarianism and reciprocity (14, 25) . 169
Notably, we show that they have nearly identical ancestry profiles (Fig. 1A, Fig S1) . Despite this, their 170 population size trajectories suggest striking historical differences. The Majangir have declined by over 171 85% from 60 to 4 generations ago, while the Gumuz have increased by more than 50% over the same 172 period. Neither group has seen recent demonstrable gene flow from agropastoralist groups. Similarly, 173 the Sandawe from Tanzania, a 'click-speaking' isolate that transitioned to agropastoralism within the 174 past 500 years (27), have experienced a pattern of decline that is similar to the Majangir in both 175 trajectory and magnitude. These results may suggest that the 'late-adopters', the Majangir and 176
Sandawe, responded to ecological pressure and declining population size by adopting farming with 177 limited gene flow (Response 2). 178
We also observe opposite demographic trends in the Aari Blacksmiths and Aari Cultivators. 179
Previous studies have shown that these two groups diverged within the last 4,500 years, and are both 180 probable descendants of a 'Mota-like' hunter-gatherer population (21, 24). Evidence for a recent 181 bottleneck in the Aari Blacksmiths was also reported (24). Our results support these previous findings, 182 and estimate that the decline in the Aari Blacksmiths began approximately 50 ga. We also find that the 183 Ne of the Aari Cultivators was relatively steady while that of the Aari Blacksmiths began to decline, and MultiEthnic Global Array, which assays over 1.7 million genetic markers. Genotypes were initially called 245 using Illumina GenomeStudio software. We removed 5 samples (1 Majangir, 4 Shekkacho) that had a call 246 rate below 90%. Calls for rare variants, defined as those having a minor allele frequency (MAF) < 5%, 247 were then replaced by using zCall following their published procedure (32). Variants with more than 15% 248 missing data, an observed heterozygosity greater than or equal to 80%, or with cluster separation less 249 than or equal to 2% were removed from the dataset. In preparation for merging with additional 250 datasets, we converted all variants to the Illumina top strand and oriented them to match the 1000 251
Genomes reference. We renamed SNPs to match dbSNP version 144, and removed all indels and A/T or 252 C/G transversion variants, leaving over 1.3 million SNPs in the final dataset. 253
Unsupervised clustering and principal components analyses of genotype data: 255
We merged our Ethiopian SNP data with previously published or publically available genotype data from 256 other Ethiopian, Somali, Sudanese, South Sudanese, as well as the 1000 Genomes Yoruba, Luhya, 257
Maasai, and Iberians (33-36). We removed SNPs that did not overlap across datasets, were out of 258
Hardy-Weinberg equilibrium (p < 0.001) in any population, or had a missingness rate of over 5% in the 259 merged dataset. We also removed SNPs with a MAF of 5% or less and SNPs in linkage disequilibrium (r 2 > 260 0.1 within a 50 kbp window, stepping 10 kbp at a time), leaving 59,700 SNPs and 1233 individuals for 261 analysis across 37 populations, plus Mota. Using this dataset, we identified and removed related 262 individuals within populations using kinship statistics calculated by PLINK (PI_HAT > 0.1). Of the 263 remaining individuals, we randomly discarded a set of individuals such that no population, as defined by 264 our population labels, had more than 50 individuals. We then applied a less strict linkage disequilibrium 265 filter (r 2 > 0.3 within a 50 kbp window, stepping 10 kbp at a time) to the MAF filtered data, leaving a 266 dataset of 106,997 SNPs from 828 individuals across 37 populations plus Mota. We ran the ADMIXTURE 267 algorithm for Ks of 2 to 12 with 10 replicates each (37). We used pong to visualize the concordance 268 between different runs and, for each K, identify the most frequent mode among the 10 replicates (38). We primarily used the coordinates in the original publication with some adjustments. As this is a spatialanalysis based on historical population locations, the coordinates for Tigray individuals were changed 287 from their sampling location near Addis Ababa to their traditional homeland in Eritrea, using the 288 Glottolog coordinates for Tigrinya (41). For similar reasons, we excluded the 3 Hausa individuals given 289 their recent migration from outside the region of interest within the last 100 years (42). We found that 290 neither of these changes led to major qualitative differences in results. We performed a number of runs 291 under a range of starting parameters (number of demes specified as 200, 300, 400, and 500, each under 292 three different starting seed values) and averaged the results to mitigate the possible bias of any single 293 run. Each run was allowed to proceed for 30 million MCMC iterations to ensure convergence, with the 294 first 15 million discarded as burn-in and the remaining 15 million thinned to retain 1 out of every 15,000 295 data points. Proposal variances were tuned so that proposals were accepted between 20% and 30% of 296 the time for all runs. 297 298
Estimating the distributions of major language families: 299
In order to determine the correspondence between EEMS-inferred migration barriers and corridors and 300 linguistic boundaries, we calculated kernel estimates of language family distributions using the adaptive 301 radius local convex hull (a-LoCoH) method (43). Language centroid point data and (Greenberg-based) 302 family classifications for every known living African language were obtained from Ethnologue 303 (https://www.ethnologue.com/). We then applied the a-LoCoH algorithm to construct 'utilization 304 distributions' for each of the five major African language families (Niger-Congo, Afro-Asiatic, Nilo-305 Saharan, Khoisan, and Austronesian), using values of a equal to the longest geodesic distance between 306 any two languages in a family, to accommodate variable point densities. This produced a set of layered 307 isopleths for each language family representing decile occurrence probabilities. These isopleths were 308 then plotted with overlaid language point data to visualize the extent and density of language 309 distributions by family in relation to historical migration rates estimates as determined by EEMS (Fig.  310   S2C ). Putative linguistic isolates were determined according to Blench, 2017 (44) . 311 312
Runs of homozygosity: 313
We determined runs of homozygosity (RoH) in the autosomes of the Ethiopian populations and other 314
African hunter-gatherers, the Hadza, Sandawe, Biaka, and Mbuti. We used the GenomeStudio and zCall 315 processed dataset for the Chabu, Majangir, and Shekkacho, a merged dataset of Ethiopians assayed on 316 the Illumina Infinium Omni 1M and Omni 2.5M arrays (33, 34), a merged dataset of Southern African 317 hunter-gatherers and Western African hunter-gatherers assayed on the Illumina 550k and 660k arrays,respectively (26, 36). We removed SNPs with more than 5% missingness or a less than 1% MAF from all 319 datasets. We also randomly thinned the Ethiopian datasets to approximately match the SNP density of 320 the merged Southern and Western African hunter-gatherer dataset. Lastly, we removed SNPs that were 321 not in Hardy-Weinberg equilibrium within each population (p < 0.001), which left approximately 470,000 322
SNPs per population for analysis. We then identified RoH in each individual using PLINK, defining a run 323 as having at least 50 SNPs and being at least 1 Mb in length, allowing for no more than two missing and 324 one heterozygous SNP per run. Despite varying these parameters, we found many instances of two RoH 325 within a single individual closely flanking a low SNP density region. We chose to join such segments post 326 hoc with a custom script by defining low density regions as 1Mb windows that fell in the lower 5% of 327 SNP count when compared to the entire genome. We also observed genome regions where unusually 328 high numbers of individuals in a population carried a RoH segment. We defined such outlier SNPs as 329 being more than three standard deviations above the mean depth of RoH in the population. We joined 330 nearby outlier SNPs into larger regions and added them to a list of previously identified low density 331 regions, known low complexity regions (i.e. heterochromatin, telomere, centromere, and short arm 332 regions). We removed all RoH segments that overlapped by 85% or more with one of these regions. 333
334

GARLIC: 335
In order to analyze RoH in separate classes corresponding to the age of the events that produced them, 336
we also used GARLIC software to identify RoH in each population (45). This algorithm implements a 337 population model-based method of inferring RoH in 'short', 'intermediate' and 'long' size classes (46). 338
We ran GARLIC on the missingness-and MAF-filtered datasets used for PLINK RoH analysis, after 339 removing SNPs that were out of Hardy-Weinberg equilibrium within the population (p < 0.001), using 340 the following parameters: 'error' of 0.001, 'winsize' of 30, 'auto-winsize', and 'auto-winsize-step' of 5. As 341 with PLINK RoH, we then joined segments that flanked regions of low SNP density, and updated their 342 size class accordingly. 343 344
IBDNe: 345
Working from the missingness-and MAF-filtered datasets used for PLINK RoH analysis, we phased all 346 individuals in a given dataset together using SHAPEIT2 with a window size of 5 Mb and the duoHMM 347 option and haplotypes from the 1000 Genomes phase 3 dataset as a reference. We converted the 348 output of SHAPEIT2 to a 'phased' PLINK file format using a custom script. We then used GERMLINE2 to 349 identify tracts shared identical-by-descent (IBD) between chromosomes across all individuals in a givendataset using the --w_extend and --haploid flags (47). We then joined IBD segments that, perhaps due to 351 errors in phasing or genotyping, were separated by a gap of less than 0.6 centiMorgans that contained 352 no more than one discordant SNP (28). As described in the 'Runs of homozygosity' section, we also 353 filtered out segments that had high overlap with regions of excess depth, low complexity, or low SNP 354 density. In inferring IBD tracts, we varied the 'bits' (from 5 to 200, increasing by 5) and 'errhom' 355 (between 0, 1 and 2) parameters and decided the optimal combination for each population using three 356 metrics. These parameters control the minimum number of exactly matching SNPs required to call an 357 IBD segment and the number of mismatches allowed, respectively (47). First, we compared the 358 distribution of RoH inferred by GERMLINE2 to that inferred by PLINK, and calculated how much of the 359 RoH inferred by GERMLINE2 was not inferred by PLINK, normalizing by the total amount of RoH inferred 360 by PLINK. Second, we calculated how much of the RoH inferred by PLINK was not inferred by 361 GERMLINE2, normalizing by the total amount of RoH inferred by PLINK. Finally, we compared the total 362 amount of the genome inferred to be IBD between pairs independently by PLINK and GERMLINE2, and 363 calculated the residuals. We selected the GERMLINE2 parameter combination that produced the IBD 364 segment distribution that most closely represented the PLINK results based on the average of these 365 three metrics (Table S1 ). We then used IBDNe to estimate the historical effective population size from 366 all IBD segments shared within a population that were 4 centiMorgans or longer (28). 367
368
Political boundaries in maps: 369
The boundaries depicted in the maps do not imply the expression of an opinion by any of the authors of 370 this paper regarding the legal status or political boundaries of any country or territory. 371 
